Abstract: When dealing with complex entrepreneurial network problems, such as sustainable resource flows, the highly uncertainty in environment that brings cognitive bias in entrepreneurs' decision-making means which entrepreneurs who are expert in using the entrepreneurial network can acquire sustainable resources by reducing external interference. To answer a link decision problem of the role played by network features in the entrepreneurial process of resource acquisition, we introduce an exploratory model design by the Naïve Bayesian classification with EM (Expectation Maximization) algorithm based on SNA (Social Network Analysis) theory that is focused on filling the missing data of uncertainty, in order to describe the path of entrepreneurial network resources acquisition. An inter-dynamic model has established between network structure and the value of resources to predict linking probabilities. By expectation-maximization method for Naïve Bayesian, the paper concludes with an empirical evaluation to verify the accuracy of resource acquisition prediction, in 201 entrepreneurial companies, and application in uncertain environmental network governance decision-making problem regarding the selection of optimal resource paths for creating a new company. We hope which this work can stimulate a broader research agenda focused on the impact of network structure on entrepreneurs' decision-making under uncertainty, especially for developing countries where has a new round of entrepreneurial enthusiasm with high uncertainty.
Introduction
Considerable academic interest has focused on the entrepreneurial activity-specifically the discovery and exploitation of entrepreneurial network, the role of key resources that are involved in driving the entrepreneurial process, and ultimately, the success of new ventures [1] . However, entrepreneurial activity is a kind of social behavior with high uncertainty [2] , and decision makers cannot accurately predict the influence of external environment, therefore the environmental uncertainty becomes the basic feature of entrepreneurship [3] , which induces a large number of entrepreneurial research to focus on the impact of the entrepreneurial micro-relationship network and the external macro environment of the enterprise on decision-making behavior [4, 5] .
From the perspective of resource-based view, mainstream research shows that the process of seeking resources from the external environment can effectively reduce the uncertainty [6, 7] . And it shows that only resources that are valuable, difficult to imitate and replace can be the essential factor for new ventures to gain competitive advantage [8, 9] , namely, the process of acquiring resources by that, in addition to considering the prediction probability, entrepreneurs should also combine the value and cost of resources to make entrepreneurial decisions.
Overall, our study contributes to both network theory and entrepreneurship theory by introducing link prediction in social network models that does not only stipulates what kind of network structure will lead to different entrepreneurial decisions [20, 21] , but rather that networking is entrepreneurial action [22] . Whereas, received networking studies have focused on how entrepreneurs may efficiently reach their goals by targeting desired ties, our model highlights how, under uncertainty, networking increasingly becomes a bridge from entrepreneurial resources to entrepreneur decision. In particular, this requires entrepreneurs to weigh the game between the value of resources and the cost of acquisition. We thus complement and extend current models of using entrepreneurial networking with uncertainty as a critical influence variable, which serves to illuminate a completely new angle on how and why entrepreneurs make governance decision in networking [23] . In doing so, we offer strong theoretical grounding for future research, and present the conceptual framework of the entire article in Figure 1 . 
Literature Return and Problem Presentation

Uncertainty in Entrepreneurial Action
In a nutshell, entrepreneurial action under uncertainty is often the equivalent of "chasing an invisible moving target" [3] . Given the creation of new products, services, businesses, and markets, new internal factors tend to aggravate future uncertainties [5] . Thus, the uncertainty is concept cornerstone of most entrepreneurial theories [2] . From the first theory of the entrepreneur put forth by Richard Cantillon in 1755, in which he defined the entrepreneur as "someone who engages in exchanges for profit; specifically, he or she is someone who exercises business judgment in the face of uncertainty" (quoted in Hebert & Link, 1988: 21) , the definition of entrepreneurs basically revolves around the individual who exercises judgment [2] , and the decision maker who judges the events that have not occurred. Therefore, how to assess and reduce the uncertainty in entrepreneurial behavior has become the focus of entrepreneurial theory [3, 18, 24] .
Alvarez and Barney used transactions cost and incomplete contracts to explanation how firms are organized fail to account for firm creation under conditions of uncertainty [15] . McMullen and 
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In a nutshell, entrepreneurial action under uncertainty is often the equivalent of "chasing an invisible moving target" [3] . Given the creation of new products, services, businesses, and markets, new internal factors tend to aggravate future uncertainties [5] . Thus, the uncertainty is concept cornerstone of most entrepreneurial theories [2] . From the first theory of the entrepreneur put forth by Richard Cantillon in 1755, in which he defined the entrepreneur as "someone who engages in exchanges for profit; specifically, he or she is someone who exercises business judgment in the face of uncertainty" (quoted in Hebert & Link, 1988: 21) , the definition of entrepreneurs basically revolves around the individual who exercises judgment [2] , and the decision maker who judges the events that have not occurred. Therefore, how to assess and reduce the uncertainty in entrepreneurial behavior has become the focus of entrepreneurial theory [3, 18, 24] . Alvarez and Barney used transactions cost and incomplete contracts to explanation how firms are organized fail to account for firm creation under conditions of uncertainty [15] . McMullen and Shepherd provided a more complete conceptual model of entrepreneurial action that allows for examination of entrepreneurial action at the individual level of analysis, while remaining consistent with a rich legacy of system-level theories of the entrepreneur [2] . Engel et al. flesh out a dynamic networking process which highlights distinctive elements, such as altruism, pre-commitment, serendipity, and co-creation, can stimulate a broader research agenda focused on the inquiry of networking agency under uncertainty [3] . Mckelvie et al. believed that entrepreneurial expertise can reduce the impact of uncertainty on entrepreneurial behavior [5] . Burns et al. believed that the key to seeking resources from stakeholders under uncertainty is to build strong ties and develop strong commitment relationships and mutual recognition [24] . Song et al. found that new ventures respond to a high environmental uncertainty by engaging more in prospector strategy, consequently enhancing the ventures' performance [4] .
Before considering how to reduce the uncertainty in entrepreneurial behavior, we first draw on the theory of "bounded rationality", which defined the uncertainty as "the inability to accurately predict what is happening in the future". Actually, in an entrepreneurial context, the risk of uncertainty we describe is the state of asymmetric information between two nodes. An uncertain informational setting, however, is a setting where the decision maker cannot know the complete information, and thus, cannot know the probability of the results of resources acquisition through this information. Relatively conceptualizations of uncertainty can be found within the management, economics, and psychology literature [25, 26] , but theoretical research focuses on conceptual descriptions, lacking attention to how to quantify and estimate uncertainty. Although most of the literature considers that obtaining sufficient resources can reduce asymmetric information in the entrepreneurial process, whether it is from the perspective of social capital, entrepreneurship, or human resources [27] [28] [29] , but how to make decision to choose the path of resource acquisition did not get enough attention.
Entrepreneurial Network and Resource Acquisition
Research on entrepreneurial networks has focused either on network structure or network flows [30] . The structural perspective focuses on who is a part of the network (i.e., which actors), the topology of their relationships, and the entrepreneur's position in the network [14, 31] . This perspective emphasizes how network positions enable the aggregation and combination of resources and is dominated by quantitative methods, such as social network analysis, and typically operationalizes only one type of relationship per study (e.g., investment, patent co-authorship, or strategic alliances). Such structural methods are limited in their ability to capture the diversity of interactions between the various actors and flows that comprise organizational and inter-organizational systems [32] , including entrepreneurial networks.
The flow perspective focuses on what types of resources are involved in individual relationships, and on how these diverse resources are put to use, exchanged or transformed [33] . Research using the flow perspective typically focuses on how multiple exchanges occur and interact within a single relationship using qualitative research methods [33, 34] . Villanueva et al. suggested that gaining access to external resources depends more on total interdependence than it does on achieving a superior dependence position vis-à-vis the exchange partner [10] .
Research on resource acquisition has focused either on organization internal or external. As applied to acquire resource from organization internal, the resource-based view portrays an organization as a bundle of resources and capabilities that are developed over time as the organization interacts with stakeholders [7, 9] . While rarely applied, the resource-based view is well suited to study resource acquisition, as it is concerned with "the combination and management of resources and how these resources flow within an organization to lead to more effective processes" [35] . However, resource integration and configuration is a kind of external network behavior actually, entrepreneurial teams using their own complex entrepreneurial networks to identify their needed resources is the beginning of establishing a startup [8] . Bacq and Eddleston provided the resource-based view of social enterprises that demonstrates how stewardship can be extended beyond the external social mission of an enterprise to the organization's internal culture to promote scale of social impact [7] .
More research focuses on getting access from outside the organization, Granovetter believed that the economic behavior of an individual is embedded in a relevant social structure and that such social structure is an economically institutionalized social network [36] . Hite and Hesterly argued that a strong network of relationships between family and friends is the main resource provider for new businesses [37] . However, at the same time, Zhang underscored the complexity of network use by entrepreneurs, what can help entrepreneurs realize how to capitalize on the value of their social networks while avoiding the dangers of excessive or exclusive reliance [11] . Therefore, while considering the acquisition of resources through the entrepreneurial network, this article also weighs the cost of acquiring resources in order to obtain more reasonable management decisions [38] .
Despite the rich conclusions of the current studies, the internal mechanism of resource acquisition path influence on entrepreneurs' decision is insufficiently explained, with regarding the entrepreneurial resources as a direct product of network, but the current research lacks a process perspective to examine the decision-making under uncertainly. Therefore, based on social network theory and resource-based view, this paper combines the resource acquisition path through entrepreneurial networks under uncertainty with entrepreneurial decision-making, and it establishes an econometric model to predict resource link problems in entrepreneurial networks.
The Link Prediction Problem in Social Network
It is common for online social networks to implement a link prediction technique to automatically suggest acquaintances with a high degree of accuracy [39] . A large number of link prediction techniques have been proposed in the specialized literature [40, 41] . For business organizations, such predictions are crucial to many important applications enabled by the growing proliferation of social media, such as social network-based target marketing [42] , viral marketing [43] , and demand prediction [44] . Then, it brings a question: can these methods be used to predict link problems in entrepreneurial network? And how to apply these methods to predict resource acquisition efficiency within network structure?
Based on the current research, there are two main types of algorithms for link prediction problems, one is the unsupervised algorithm, and the other is the supervised algorithm [20] . In unsupervised algorithms, the simplest type is to calculate the similarity between nodes based on the local extension features [39] . The supervised link prediction algorithm considered link prediction as a 0-1 classification problem [45] . Liben-Nowell et al. proposed an unsupervised learning link prediction algorithm, which became the pioneering work in the field of link analysis [41] . Existing research develops link recommendation methods and it discusses link strength from the perspective of link prediction. Backstrom et al. proposed a supervised random walk algorithm to estimate the ties strength of the social relationship [46] . Hopcroft et al. studied what information in social relationships can be predicted in dynamic networks [47] .
At the same time, we find that there is few researches that predict the link between social networks in reality by quantitative model. The reason we conclude are as follows: First, the data of offline entrepreneurial networks is harder to obtain than social network, most of those are missing and incomplete. Second, there are complex environmental uncertainties in real life, which is difficult to capture and measure. To address these research questions, this paper draws on a Naive Bayesian method based EM algorithm proposed by Fang [21, 40] , which predicts link probabilities in the presence of certainly factors that are generally unobserved. The probability of link establishment directly affects the decision of entrepreneurs to obtain resources, which can lead to different performance and economic benefits of start-ups.
Key Factors Underlying Entrepreneurial Decision: Related Theory and Operationalization
First of all, we are thinking about a question-What factors do entrepreneurs usually consider when making entrepreneurial choices? The factors influencing the decision to become self-employed can be classified into several categories. The first category refers to objective individual attributes, demographic characteristics and socioeconomic factors [48] . The second category includes subjective factors that are associated with entrepreneurial activity [49] . Whether subjective or objective factors, the resources that are held by entrepreneurs is the main force driving someone to start the business. We review relevant social network theories that point to several key factors underlying an entrepreneur's link decision, and then propose ways to operationalize these factors with social network theory.
Related Theory with Network Structural Feature
Unlike markets or organizations, social networks regard their mutual relations as ties [50] . Strong and weak ties are very important to the resource acquisition and business decision making of entrepreneurs. Specifically, these ties help entrepreneurs obtain information and other resources across social boundaries, promote collaboration among associative members, and facilitate the sharing and transfer of complex knowledge and experience. One of the most famous theories in social network research is "Six Degrees of Separation" [51] , which posits that one person can be connected to another through a maximum of six people. This theory shows prevalent "weak ties" in social networks that make people considerably "close" to one another [51] . In The Strength of Weak Ties, the strength of ties among the behavior nodes in social networks positively affects the flow of information and the coordination among organizations [52] . Meanwhile, "weak ties" can reach more members of the society and serve as "bridges" of communication among different social groups; these ties help entrepreneurs to connect with different groups, add diversity to their social networks, and provide enterprises with effective channels for information and resource acquisition [10] . Bratkovic and Antoncic makes a contribution by developing and testing a model of the firm growth that is driven by the entrepreneur's social capital that considers the entrepreneur's resource acquisition network ties. In the model, a controversial combination of strong and weak tie arguments is proposed [29] .
Strong ties are often expressed as frequent contacts, dialogue and communication, high-quality information delivery, and sharing of experience and knowledge; these ties promote an environment of trust that reduces the cost of breaking promises during the process of development and significantly strengthens resource sharing during the process of cooperation [51] . An increased resourcefulness of entrepreneurs' networks leads to easier access to resource owners via their existing network route [28] . In this way, start-ups can obtain various forms of external support, such as capital, market, and information, within a short period [53] . Therefore, tie strength helps start-ups to take advantage of fleeting opportunities to improve their performance.
Structural equivalence is the basic structural feature of social networks [54] . This feature suggests that two social entities have identical connections to other entities, occupy the same position in the social structure, and are of different degrees [55] . Structural equivalence is vital to the choices of entrepreneurial teams, that is, structurally equivalent entrepreneurial teams may face a highly intense competition due to their substitutability. Based on the view of power balance in the theory of resource dependence, the structure of the two sides of the entrepreneurial network link does not have the relative dependence on the relative dependence [10] , which follows the "power logic" [56] . However, two people with an equivalent structure can take the other as a reference for subjective judgment and may make similar choices without direct communication [54] .
Nevertheless, no perfect structure equivalence can be found in social networks. Therefore, the structural equivalence between entrepreneurs is measured by the degree of their structural equivalence. That is, the advantages and disadvantages of power [10] . Structural equivalence is commonly measured by the Euclidean distance. Based on social capital theory, social network ties enable people to obtain required knowledge, emotional support, and related resources. Increasing the number of network members can promote the resource acquisition of enterprises [57] . Meanwhile, increasing the size and expanding the scale of the network will increase its number of subjects and the richness of its embedded information. Consequently, start-ups become highly capable of identifying potential resource owners by using such information and become likely to obtain the required resources on favorable terms or through cooperation agreements. Start-ups can take advantage of their extensive social ties with various subjects, such as customers, suppliers, competitors, research institutions, and service agencies, to acquire financial capital, key technologies, human capital, and management experience [29] .
As a fundamental problem of team composition, network heterogeneity is based on social identity theory [58] . The heterogeneity of an entrepreneurial team can be classified into external plain heterogeneity (e.g., gender, age, race, educational level, and employment experience) and internal deep heterogeneity (e.g., cognition, values, preferences, attitudes, and entrepreneurial commitments) [59] . Supporters of cultural diversity believe that a mosaic of various cultural backgrounds can make team members achieve "complementary advantages" by making full use of their backgrounds, ideas, knowledge, and other aspects of their differences. Diversity can also provide organizations with multiple views and opinions, which in turn, can lead to the formation of broad and creative decision-making programs that ultimately contribute to the shaping of high-quality, effective, and innovative organizational decisions [60] .
The heterogeneity of the entrepreneurial team will, to a certain extent, reduce the risk perception of the team. Homogeneous teams can easily reach a consensus on aggressive and risky strategies due to the presence of few barriers to cognition and communication [61] . To develop high-quality and moderate risk decisions in an uncertain environment, managers must seek the cognitive perspectives of their team members to achieve "complementary advantages" and "mutual rectification",which are often difficult to achieve for homogeneous teams [62] . However, some scholars suggest that a beyond moderate level of team heterogeneity will reduce cohesion and coherence in strategic decision making [63] . There is an inverted U-type relationship between the degree of heterogeneity and the performance of the firm. Thus, the possibility of reaching a consensus is also reduced. Excessive heterogeneity will also affect access to resources and the degree of trust within an entrepreneurial team. Most of the literature supports that there exists a moderate level of moderate heterogeneity in the process.
In addition, more attention must be paid to the utility and value of the resources, therefore, reasonable governance mechanisms must be adopted to effectively manage and control the transactional relationships in networks [64] . Existing literature still cannot explain the "black box" of the transformation process between entrepreneurial activities and final value creation perfectly [38] . Morse, Fowler, and Lawrence believes that the key to acquiring resources is to get the resources they need at the lowest cost [65] . Under the uncertainty environment and bounded rationality, entrepreneurs pursue behavioral constraints in the process of maximizing their own benefits, and the corresponding costs are generated in each process of resource exchange and acquisition. The network is an unstable system. Changes in external conditions will cause major adjustments in the system. The actions of start-ups and individual network participants in the entrepreneurial network depend on the benefits, costs, and systems that they may derive from the network. Entrepreneurial social embedded relationships provide them with access to resources while also limiting their behavior outside the network, so there is a problem of "degree" embedded [66] .
Link decisions in a social network may depend on factors beyond ties strength, structural equivalence, network size, and heterogeneity though. Uncertain factors in the entrepreneurial network and the utility of resource should be fully considered in the model construction. Our review of relevant theories thus sheds light on several important factors underlying link prediction: ties strength, structural equivalence, and the network size, heterogeneity, as well as the uncertainty factors. We operationalize each, except uncertainty factors, with entrepreneurial network data. 
Operationalization with Network Structural Feature
Taking W = {w 1 , w 2 , . . . , w n } as a set of social entities. If no social tie is found from w i to w j , then x ij = 0. The strength of social ties is measured by the frequency of contact among people or groups [50] . The x ij denotes measurable average frequency of contact between w i and w j . If no ties exist between entities, then x ij = 0.
where x max and x min represent the maximum and minimum frequency of contact, respectively. Normalization helps prevent the dependence of F ij on the unit of measure of x ij [67] . This paper utilizes competitiveness to measure the structural equivalence of enterprises. The Euclidean distance of the structural equivalence between social entities w i , and w j is denoted as y ij , which is calculated as:
If a social tie exists from w i to w j , then d ij = 1. Otherwise, d ij = 1. A higher d ik corresponds to a lower structural equivalence from w i to w j . Therefore, the structural equivalence of entrepreneurs w i to w j is computed as:
Normalize the structural equivalence, where y max and y min represent the maximum and the minimum Euclidean distance of the structural equivalence, respectively.
In this paper, a ij denotes the edge of the relational network for the entrepreneurial team w i ∈ W. If no link exists from w i to w i , then a ij = 0.
where D i represents the edge number of the node referred to as the degree, which is the network size of the entrepreneurial relationship. We can use S ij to measure the relative network size of a node. In this paper, the Jaccard coefficient is chosen as the similar function [68] , in which r i , r j measure the attributes of social entities w i and w j , respectively. Thus, a higher sim r i , r j indicates a greater similarity between w i and w j . The heterogeneity of social entities w i and w j is measured as sim(r i , r j ) = r i ∩ r j r i ∪ r j and (6)
In order to reasonably assess the value of resources, we introduce real option theory into utility model to discuss the entrepreneurial decision. This process of calculation starts from the perspective of options, and entrepreneurial resources are regarded as hidden assets of enterprises, and their flows can be regarded as multiple transactions. You can think of each network resource acquisition link as an investment decision. As resources are used for a longer period of time, their value is increasing, but at some point, their value is will fall. On the whole, its performance is similar to the normal distribution. The real option rule fully applies this point. Therefore, the resource is regarded as an American call option owned by the enterprise. The feature of American call option which can be executed any day after the expiration of the transaction is more in line with our implementation criteria for value assessment of entrepreneurial. The decision on the construction management of the entrepreneurial Sustainability 2018, 10, 4061 9 of 25 network is based on input and value. In order to determine the value estimate of enterprise resource acquisition decisions [69] , in view of the similarity between entrepreneurial resources and financial options, a corresponding real option can be constructed [70] . A financial real power gives investors a right to pay a predetermined execution price for a certain period of time to obtain a specific asset; a company that owns the resource also has such a right to pay a certain amount of money now or in the future. The cost of accessing the resources. The resources obtained from the network are equivalent to the subject matter of financial options. The resource cost is equivalent to the exercise price of the option. The usage time of resources is equivalent to the time from the expiration date of the option. The uncertainty of the potential resource value is equivalent to the size of the risk of the derivative in the option.
Based on the Black-Scholes model, the value of a resource can be defined as:
where U ij represents the value of the resource link, S 0 is the price of a resource at time 0, N(x) is the cumulative probability distribution function of the standard normal distribution, K is the expected cash inflow value of the resource, τ is the resource life expectancy, T is the resource's usage time, r is the risk-free interest rate, and σ is the resource value fluctuating rate. However, when considering hidden uncertainly is crucial, which makes it a principal challenge for predicting link probabilities.
Model Building
Construction of the Naive Bayesian Classifier
We use the naive Bayes classifier based on EM algorithm to identify the resource status in existing entrepreneurial networks. The Naive Bayesian algorithm has simple calculations, can effectively deal with the classification problem of mixed index attributes and excellent classification ability [71] . When combined with EM algorithm, it can solve the problem of filling incomplete data and classify unknown data. Prediction [72, 73] . As shown in Figure 2 , whether a startup establishes a network link should first determine whether there is a resource in the current entrepreneurial network, and then consider whether the cost of establishing the link is too high, and reasonably identify the quality and value of the information and resources to avoid over-embedding of the relationship [66] . 
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The first step is to define and learn how to maximize the objective function. We make the maximum likelihood estimation to θ with the flag data F ik , E ik , S ik , H ik , A ik in TRAIN. In this model, k = 1, 2, . . . , n, where n is the total number of flag data in TRAIN, N ik is the uncertainty of the k th flag data, D is the complete data, and D ik = F ik , E ik , S ik , H ik , N ik , A ik , where k = 1, 2, . . . , n. The likelihood of D in the given θ is marked as P(D|θ). We conclude that
The maximum likelihood parameter estimation θ ML maximizes P(D|θ). We substitute ln[P(D|θ)] for P(D|θ), because the former is easily maximized than the latter and its maximum parameter estimation also maximizes that of the latter. Thus,
Estimating Missing Values Using EM Algorithm
To solve the problem of missing values, the Naive Bayesian classifier based on EM algorithm is adopted [74] . The EM algorithm is mainly used to calculate the number or to estimate the maximum likelihood of posterior distribution, which in turn, is used for filling incomplete data [75] . This algorithm initially estimates the missing values and then iteratively performs two basic steps, namely, expectation and maximization [76] . The expectation step defines the expected estimate for the missing value when both the variable and the current parameter estimate are known, while the maximization step maximizes the problem by re-estimating the parameters with the recognition that the estimate of the E-step is correct and that the parameter value has the maximum likelihood with the data completed in the E-step. The likelihood values are not reduced during each iteration, and the final maximum convergence can be ensured [77] .
However, no training data are available for calculation. Thus, the estimated value of θ cannot be obtained directly by using the same formula. To solve the non-measurability of the potential resource acquisition path by estimating the missing value, the EM algorithm is adopted [77] and is iterated by maximizing the objective function Q (·).
where θ k and θ k+1 represent the vector of parameter estimation at the k time(s) and k + 1 time(s) in the iteration, respectively, and Q (·) is defined as
where ln[P(D ik , N ik |θ)] is the log-likelihood estimation of the complete dataset of the given θ, while P(N ik |D ik , θ k ) is the probability of N ik with the given D ik and the prior parameter estimation θ k . Equation (16) can be extended: (See Appendix A for the derivation process)
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Calculating the above formula requires the probabilities of P(A ik ), P(E ik |A ik ), P(H ik |A ik ), P(F ik , N ik |A ik ), P(S ik , N ik |A ik ), P(N ik |A ik ), and A = 0, 1. First, to obtain the prior probability P(A ik ), the parameters P 0 = P(A ik = 0) and P 1 = P(A ik = 1) are established. Second, to obtain P(E ik |A ik = 0, 1), this parameter is assumed to follow the exponential distribution. In the Bayesian network, a continuous factor commonly follows the exponential or normal distribution [78] . The density λ 0 E e −λ 0 E xE ik can be used to estimate P(E ik |A ik = 0), and the exponential density λ 1 E e −λ 1
E xE ik
can be used to estimate P(E ik |A ik = 1). Therefore, to estimate P(E ik |A ik ) and P(H ik |A ik ) effectively, the parameters λ 0 E and λ 1 E must be estimated. With a given A, E, and N are assumed to follow the binary exponential distribution [76] , while the density function of the bivariate exponential distribution is computed as
By substituting the above formula into P(F ik , N ik |A ik ), we obtain
The parameters λ
N are estimated using the above formula, while P(S ik , N ik |A ik ) is calculated the same way and substituted into the bivariate exponential distribution. Therefore, the parameters λ
N also need to be estimated. Finally, in order to estimate P(N ik |A ik ), with a given R, then, when N < min(F ik , S ik ), N follows the exponential distribution with the parameter being λ A ik N . However, when N ≥ min(F ik , S ik ), L follows the exponential distribution, with the parameter being λ
This study adopts the theorem provided in the literature [21] . (See Appendix B for the elaboration of the theorem)
Theorem
1.
In this case, when estimating
N > with the previously given parameters and the assumed factors E, H, F, S, and N in the exponential distribution, a closed optimal solution of θ exists for maximizing the objective function [21] .
The closed-form solution for parameter estimation in Theorem 1 cannot only simplify the operational process of the EM-based algorithm, but it also improves the computational efficiency.
The parameter estimation of θ =
N > is eventually obtained. the probability density of the latent variable is:
Then, calculate the expected value by Monte Carlo method [76] to approximate the probability of P(A ik = 1|E ik , H ik , F ik , S ik , N ik ).
The Utility-Based Resource Acquisition Decision
After identifying the potential resources in the entrepreneurial network and establishing the acquisition link, it is necessary to play the game between the resource cost and the resource value. First, let us consider a question: Does if a higher risk of uncertainty existed in the path to the resource is equivalent to the resource has a higher return? Generally speaking, entrepreneurs as profit-seeking actors, have more tolerance for high-risk and high-return decisions. They will consider the value that is brought by resources, even if they will undertake more risks. In addition, if the cost of acquiring the resource is higher than the value of the resource itself, even if the probability of establishing the link is extremely high, the enterprise benefit cannot be promoted. From the probability of obtaining the potential resource status A in the previous section, we can find that the enterprise may face the acquisition path of a certain resource in the current entrepreneurial network, or the possibility of one or more acquisition paths, due to direct contact and indirect. The difference in access, the cost of acquiring resources also increases with the complexity and uncertainty of establishing links, leading to differences in the value of a startup's resources from the network:
According to the probability of obtaining each potential link resource in the entrepreneurial network in the previous section, we can introduce a simple optimization model to get the enterprise's decision on the resource acquisition behavior in the network:
Therefore, we can get how the new enterprise should effectively manage the network relationship to obtain the required resources. The startup enterprise can capture the different information and resources according to the different network characteristics, but the resources are not completely effective, and the enterprise managers are needed. Use a keen eye to identify valuable resources for use in order to achieve steady growth and sustainable economic growth.
Empirical Evaluation
In order to understand the mathematical model that is explained in Section 4 and to simplify the complexity of the previous formula, we conducted experiments to evaluate our method using real-world social network data. In this section, we describe the sample and data collection; detail our experimental procedure, and report experimental results.
Sample and Data Collection
This study combines the research of Lechner et al. [78] and Rosenbusch et al. [79] to define the entrepreneurial enterprise, and collects enterprise data with less than 10 years of establishment and the number of employees of the company is 500 or less as the basis for empirical analysis. The research participants mainly choose the CEO, general manager, or other middle and high managers of the new venture. A research team consisting of 8 students from Chongqing University was organized to distribute and recycle the questionnaire. A total of 334 questionnaires were sent out, and 261 questionnaires were obtained representing an effective response rate of 78.14 percent. Excluding 60 questionnaires that did not correspond the basic requirements, a total of 201 valid questionnaires were obtained, with an effective rate of 60.2%. The start and end dates of the survey are: 21 September 2017, 20 October 2018. The basic conditions of the sample are shown in Table 1 .
In addition, two key data source biases were considered in the survey research, one is the non-response bias and the other is the common method variance. In this paper, T-test analysis was performed on the first 30% and the last 30% of the questionnaires that were normally recovered to test the non-response bias. The results showed that the T value was not significant, which indicates that the problem of non-response bias in this study does not affect the results of the analysis. At the same time, we checked the homology deviation of the data samples by the Harman single factor test. After completing the factor analysis of the entire questionnaire, we found that the first factor explained only 34.364% of the variance without rotation. This indicates that the results of the questionnaire are credible, and subsequent research can be carried out. Refer to the Appendix C for the variable measurement of the questionnaire, and refer to the Appendix D for the reliability of the questionnaire scale. 
Experimental Design and Results
The experiment in this paper is based on the data of 201 real entrepreneurs. It uses the network scale, relationship strength, structural equivalence, and heterogeneity in social networks to describe a human resource acquisition project the deterministic corresponding attribute value is missing. The experiment in this paper uses a ten-fold cross-validation technique. For each experiment, we divided the data set (201 companies) into ten equal parts, 90% of which were used to be training set, and the remaining 10% was used to be test set [80] .
Step 1: We repeat each individual experiment 10 times. The metric used to measure the performance of the predictive model is the average accuracy of the model predictive test data set. We can verify whether these companies have established resource links based on the social network data of the latter 21 startups. That is predictive accuracy. Simultaneously, we compared the accuracy between EM-NB with SVM/KNN. Figure 4 depicts the performance comparison between the Naive Bayesian classifier based on the EM algorithm and the SVM/KNN method, with the category prediction models built on 201 entrepreneurial data sets. The horizontal axis represents the number of samples of a priori data in Naive Bayes and EM algorithms. It can be seen from Figure 5 that the EM-NB used in this paper has better prediction performance than SVM/KNN in the absence of data sets. Support vector machines (SVM) offers one of the most robust and accurate methods among all well-known algorithms. It has a sound theoretical foundation, requires only a dozen examples for training, and it is insensitive to the number of dimensions [81] . It has been applied to tasks, such as handwritten digit recognition, object recognition, as well as text classification [82] . The KNN method is a stochastic supervised pattern recognition method [83] . It is easy to understand and easy to implement classification technique. Despite its simplicity, it can perform well in many situations [81] .
( [82] . The KNN method is a stochastic supervised pattern recognition method [83] . It is easy to understand and easy to implement classification technique. Despite its simplicity, it can perform well in many situations [81] . Step 2: In order to enable startups to better use our methods in the practice of enterprise development, we assume that there are currently five human resources links in the company A, which is , , = 1, = 2,3,4,5,6, i represents company A, and j represents other companies that have established resource links with company A. These five resource links exist in different social network dimensions, decision-makers need to make decisions that are based on the current state of the corporate social network and the utility of acquiring resources. According to the evaluation of network structure as the posteriori data, decision-makers of start-ups can construct a Naive Bayes classifier to predict the network connection probability of obtaining the resource, which as shown in Table 2 . Step 2: In order to enable startups to better use our methods in the practice of enterprise development, we assume that there are currently five human resources links in the company A, which is x i,j , i = 1, j = 2, 3, 4, 5, 6, i represents company A, and j represents other companies that have established resource links with company A. These five resource links exist in different social network dimensions, decision-makers need to make decisions that are based on the current state of the corporate social network and the utility of acquiring resources. According to the evaluation of network structure as the posteriori data, decision-makers of start-ups can construct a Naive Bayes classifier to predict the network connection probability p 1 of obtaining the resource, which as shown in Table 2 . Using the complete data of 201 companies as a priori data to estimate the posterior probability of these five paths. We can see the result from Table 2 , where F, S, E, H, N, V, U indicates ties strength, network sizes, structural equivalence, heterogeneity, uncertainty, the value of resources and utility of resources acquisition, and p 1 represents the probability of establishing a resource link. By comparing the results of the five resources to get utility, optimization resource acquisition path will be chosen is x 1, 6 . We can see that the link probability of x 1,3 is 91.67%, which is much higher than 74.42% of link x 1, 6 . But, when we combine the value and cost into consideration, we find that the utility of link x 1,6 is higher than that of link x 1,3 . In other words, the decision to build this link to acquire resources is the most effective. The process indicates that, if a company is able to assess current social network dimension metrics, then they can use these factors to estimate the uncertainty of accessing resources, thereby making rationality and thoughtful entrepreneurial decision based on the value of the resource by predicting the probability of establishing a resource link.
In the above, we proved that the method we use had a better prediction rate than the SVM/KNN method in the real data of 201 entrepreneurial social networks, firstly, and as the amount of prior data increased, the accuracy of prediction had a process of decreasing first and then increasing. In our training sets, the prediction probability of the EM-NB algorithm is above 80%, which means that the method we use has quite well predictive performance in practical applications.
Otherwise, we assumed a simple situation with the human resources acquisition path of new company, which explained the basic usage of the model in this paper. The practical application that we focus on is how a startup should choose the most reasonable path among the existing resource links. From Table 2 , we can see that venture capital acquisition is not only related to a certain network structure, it is the result of the overall role of the network, and we also need to consider a question, whether it correctly evaluates the cost and value of resource acquisition, if the establishment of a resource acquisition link ultimately does not create corporate performance to promote business development, it is useless.
However, due to the existence of uncertainty, the growth and resource direction of the enterprise may not be completely developed according to the prediction scheme in the future. The calculation result of the EM-NB model is not absolutely assigned, but the link probability of each scheme is predicted to obtain the maximum probability. The path also provides the result of an alternative, which can take other link decisions based on dynamic network changes and future events. The main advantage of the new approach that is presented in this paper is that it provides a broader picture of all the scenarios that may appear in the future and it recommends a link alternative according to the network structure of start-ups.
Conclusions
This article began with an examination of the role that uncertainty plays in the entrepreneurship. After establishing the need to consider resource acquisition and entrepreneurial network when examining entrepreneurial action with high uncertainty, this study attempts to reveal the resource acquisition path and network governance decision of the start-up by analyzing the structure of the entrepreneurial network, what can be characterized by tie strength, structural equivalence, network size, heterogeneity, and uncertainty. In this paper, the estimation of environmental uncertainty is the primary problem to be solved by establishing an empirical model. In the empirical evaluation of this paper, we proved that the method we use had a better prediction rate than the SVM/KNN method in the real data of 201 entrepreneurial social networks firstly. Using our training set, the prediction probability of the EM-NB algorithm is above 80%, which means that the method we use has quite well predictive performance in practical applications. In addition, we assumed a simple situation with the human resources acquisition path of new company, which explained the basic usage of the model.
Understanding what kind of network dimension can effectively reduce the risk of uncertainty and improve the ability to access resources can promote entrepreneurs to build a reasonable network governance mechanism. This paper believed that network characteristics are not solely responsible for resource acquisition, but rather dynamic mechanisms in which multiple dimensions and factors interact. The main answer to this work is: How do startups combine network characteristics to access scarce resources to drive business performance to grow under uncertainty?
Our study has several managerial implications. First of all, based on social network theory and resource theory, we established a method for predicting the probability of an enterprise acquiring resource links. Then, through the EM-NB model and decision-making process, our research prove EM-NB algorithm has good performance in social network link prediction based on the data sets. So it can be used to practical applications with the entrepreneurial network structure with resource acquisition in the presence of uncertainty. In this light, the manager of a start-up making governance decision of entrepreneurial network could purposefully boost linkage likelihood, such that both the planner and stakeholders are benefited. This expands the characteristics of previous research on the entrepreneurial network literature biased qualitative methods.
Secondly, this paper emphasizes that entrepreneurs should focus on the efficiency of resource acquisition rather than over-expanding networks. Fully assessing the current entrepreneurial network can help a manager to reduce the uncertainty and risky in resource acquisition. Changes in the external environment are inevitable, but companies should use such measurement methods to make strategic decisions more carefully to avoid over-embedding of relationships. Firms can use our method to enhance their social network-based target acquiring scarce resources by better governing network structure by reducing uncertainly. For example, in some scenarios like the context of crowdfunding, crowdfunders are typically first-time entrepreneurs. Unlike investors in other entrepreneurial finance settings, they cannot count on investment banks to stimulate demand. The most important route to successful funder sourcing is through their existing social networks, so they can use the model to estimate the probability of acquiring resource from social networks, or to build more effective network links for obtaining funding resources [84] .
Last but not least, the assessment of environmental uncertainty that is difficult to measure is the focus of this research. Our findings support and reinforce the motivation of the proposed method, i.e., better predicting link probabilities with a more comprehensive set of key factors underlying resource acquisition decision, including environmental uncertainty factors. We have established a set of practical methods for how international and domestic entrepreneurs can apply the social network dimension to predict the link probability of resource acquisition, and we consider the value and cost of resources to provide decision-making basis for entrepreneurs. All in all, the theoretical model framework for predicting the resource acquisition probability and governance decision-making of enterprises in the entrepreneurial network provides new ideas for entrepreneurs to further strengthen sustainable entrepreneurship.
However, there are still three limitations that need to be considered. First, the network structure is a key variable that determines the acquisition of resources from a theoretical perspective, but many other variables that are involved in the path of resource acquisition should be considered in order to assess the problem from a more comprehensive real-world perspective. Second, since Naive Bayes' attribute independence hypothesis is difficult to establish in reality, future research should consider how to release the attribute conditional independence hypothesis of naive Bayes classifier. For example, structural expansion, attribute selection, and local learning are some of the more feasible improvements. Although the computational complexity is increased, these methods can further improve the prediction effect of the model. Third, the most important thing is that real-world relational networks are very complex, and many underlying relationships that cannot be captured may adjust the optimal solution in different ways. In the future research, we hope to dig into the data closer to the network relationship in real life, and more accurately describe the dynamic mechanism of the formation and development of the entrepreneurial network. 
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Appendix A Derivation of Equation (17)
We repeat Equation (17)
can be expanded to:
Substituting (A4) into (A1), we can get the formula (18) .
Appendix B Explanation of Theorem 1
Theorem
1.
N > with the previously given parameters and the assumed factors E, H, F, S, and N in the exponential distribution, a closed optimal solution of θ exists for maximizing the objective function [40] .
When the value near the zero frequency attribute appears, this probability estimation method produces a biased low estimation probability. More extreme, when a zero-frequency attribute value occurs, it will cause a certain probability value to be 0, which in turn causes the entire amount calculated by Equation (A5) to be zero. In order to avoid this, this paper uses Laplace estimation to smooth the above probability, where n 1 is the number of classes. We have: 
where The specific proof is given in the literature [40] .
Appendix C Variable Metrics of Questionnaires
This study uses the new employee quantity as the indicator to measure the dimension of the human resource acquiring. We calculate the score reflecting the number of new employees as the value of human resources, which contains five-level Likert scale, and specifically its value "1"to "5" means "very non-conformity" to "very consistent". Based on the division of social network dimensions, this paper uses a five-level Likert scale to measure the network size (social network size; α = 826), the value from "1" to "5" means "very non-conformity" to "very consistent", which has been successfully adapted by Stam et al. [85] and Wang Lei et al. [86] . Then, in order to measure the strength of social network ties (social network ties strength; α = 0.907), we made an adjustment on Burt's measurement scale [87] , and obtained the five measurement items, all of which were five-level Likert scale. The value of the scale "1" to "5" means "rare", "once a month", "a few times a month", "a few times a week" and "every day". Besides, in order to measure the social network structural equivalence (social network structural equivalence; α = 0.756), we adjusted and improved the Ray Reagan's measurement scale [88] , and obtained the five measurement items, whose value of the scale from "1" to "5" means "very non-conformity" to "very consistent". Thus, we used a five-level Likert scale adapted from Chatman et al. to measure heterogeneity [89] (social network heterogeneity; α = 0.845).
Appendix D Test of Reliability and Validity of Questionnaires
The tests about the scale's reliability and validity are based on software SPSS 22.0 and AMOS 24.0. The Cronbach's α index is only a reference for internal consistency of the scale, and its value is not less than 0.6 indicating that the scale has good reliability. According to Table 2 , the α coefficient is greater than 0.6, and the combined reliability (CR) value of the variable is 0.759 to 0.907, which is obviously above 0.6 such that the reliability of the scale is good (see Table A1 for details). According to the result of model estimation using AMOS 24.0: we estimated the fitting index of all constructs, and the results show that all the measured values are well utilized (see Table A2 for details). 
